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This paper presents an automated and comprehensive system for eliminating rib shadows
in chest radiographs, which integrates lung field identification, rib segmentation, rib
intensity estimation, and suppression. We designed a region of interest (ROI)-based
method to estimate a suitable initial lung boundary for active shape model (ASM)
deformation by determining the translation and scaling parameters from the lung ROI.
By considering the anatomical structure of the rib cage, we developed a locale sampling
scheme to achieve nonparametric rib modeling. This scheme integrates knowledge-based
generalized Hough transform (GHT) for accurate rib segmentation. We subsequently
estimated rib intensity using the real-coded genetic algorithm (RCGA). Experimental
results indicate that the relative conspicuity of the nodules increased after rib suppression,
compared to the original image. Additionally, the proposed system uses only one standard
chest radiograph, and the dual-energy subtraction technique is not required. Thus, this
system is suitable for radiologists and computer-aided diagnosis (CAD) schemes for
detecting lung nodules in chest radiographs.
© 2012 Elsevier Ltd. All rights reserved.
1. Introduction
For many years, the incidence rate of chest disease has gradually increased. Over 9 million people worldwide die of
chest diseases every year [1]. Among chest diseases, lung cancer has the most minacity. Lung cancer accounts for more than
900,000 deaths annually and is the leading cause of cancer-related deaths worldwide [1]. In Taiwan, lung cancer surpassed
liver cancer, becoming the leading cause of cancer deaths in 1997. By 2006 lung cancer comprised over 33% of all cancer
deaths. Therefore, effective and early diagnosis of lung cancer is a significant research issue. Because of convenience,minimal
costs, and low radiation dose, chest radiography is the most widespread diagnostic imaging technique for lung cancer.
Additionally, evidence suggests that early detection of lung cancer by chest radiographsmay allow a favorable prognosis [2].
However, radiologists frequently fail to detect lung nodules (i.e., potential lung cancers) during chest radiograph inspections.
Approximately 82%–95% of undetected lung cancers were obscured partly by overlying bones such as the ribs [3]. Thus, a
number of computer-aided diagnosis (CAD) systems for automatic nodule detection on chest radiographs [4,5] have been
proposed to improve detection accuracy [6]. For current CAD schemes [7,8], nodule detection using chest radiographs
presents amajor challenge because ribs often obscure nodules. Because these bony structures [8] tend to cause CAD systems
to produce false positives, for clinical applications, CAD systems have the disadvantage of lower sensitivity and specificity.
A recent study showed that most lung cancer lesions missed on frontal chest radiographs are located behind the ribs, and
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that inspection of a soft-tissue image can improve human detection [9]. Therefore, rib suppression in chest radiographs is
useful for improving detection accuracy and the performance of CAD systems.
A dual-energy subtraction technique has been employed for bone suppression in chest radiographs [10]. Dual-energy
chest radiographs can be obtained using either two exposures in rapid sequence [11] or a single exposure detected by two
receptor plates [12]. Dual-energy soft-tissue images can improve detection of lung nodules thatmay be partially obscured by
overlying bones [13]. Nevertheless, because specialized equipment is required to obtain dual-energy radiographs, hospitals
rarely adopt radiography systems with dual-energy subtraction. In addition, higher radiation dose and increased noise
level in the resulting images also limit adoption of the dual-energy subtraction technique for clinical applications. Other
techniques for normal structure suppression in chest radiographs are based on temporal subtraction [14,15]. However, to
apply the temporal technique, the patient’s initial radiograph must be available. This image is registered in the current
radiograph, and then subtracted to remove the same structures. Thus, if abnormalities are present in an earlier radiograph,
they may be removed as well. This technique requires the registration of both images. If they are not registered with
precision, false positives may be created in the subtracted image.
Suzuki et al. [16] recently developed an image-processing technique for suppressing rib contrast in chest radiographs
by using a multiresolution massive training artificial neural network (MTANN). They employed bone images acquired
using a dual-energy subtraction technique as the teaching images. After training with inputted chest radiographs and
the corresponding dual-energy bone images, the multiresolution MTANN outputted bone-image-like images similar to
the teaching bone images. Soft-tissue-image-like images can be obtained by subtracting bone-image-like images from the
corresponding chest radiographs. Similarly, Loog et al. [17]presented a framework for filtering ribs based on regression. The
main difference between conventional image filters and this regression filter is the development of the regression filter
from training data. These two methods belong to global-based schemes; they estimate ribs for every pixel. The estimated
ribs are then subtracted from the input image to obtain the soft-tissue-like image. However, these approaches modify
intercostal parenchyma appearance when deriving the soft-tissue-like image, which may increase nodule detection error
of CAD systems for clinical diagnosis. Furthermore, training images extracted from dual-energy subtraction images are
required for these methods, restricting their practical application substantially. To resolve these problems, we proposed
a new approach to suppressing ribs in the rib areas by using only one standard chest radiograph without need of the dual-
energy subtraction images. In this approach, we developed a nonparametric rib-border modeling by the locale sampling
scheme that constructs a rib template directly from the examined image. This scheme enables our system to adaptively
generate a proper rib template such that rib borders can be detected accurately. In addition, we modeled the rib intensity
distribution as a linear model and the corresponding parameters were estimated by using the RCGA. The rib shadow can be
successfully suppressed by subtracting the rib intensity from the original radiograph. The experimental results show that
our approach can achieve rib segmentation and rib suppression with 92.3% accuracy and 0.03 normalized mean absolute
error, respectively. Furthermore, at the same time the relative conspicuity of nodules can be successfully enhanced.
The remainder of this paper is organized as follows: Section 2 introduces lung field detection; Section 3 presents the
proposed knowledge-based GHT for rib border detection; Section 4 details the GA-based rib shadow suppression; Section 5
provides a demonstration of the experimental results; and finally, Section 6 offers a conclusion.
2. Lung field detection
During the last decade, image processing technology has achieved considerable progress [18–20]. To facilitate lung
analysis, image processing techniques to automate the detection of the lung fields on chest radiographs have been
developed [21]. Overall, these methods are limited by assumptions on chest position, size, and orientation, which are
often discordant with actual conditions. The lung field possesses low-contrast and complex edge structures; thus, detecting
accurate boundaries using regular techniques such as edge detection or region growing is difficult. From an anatomical
perspective, lung boundaries are roughly consistent in shape among different patients. Therefore, flexible template models
can assist in the robust detection of lung boundaries. This study employs an ASM [22] for lung boundary identification. An
ASM uses control points to describe object shapes by representing these points in a shape vector t , as described in (1):
t = (x1, y1, x2, y2, . . . , xn, yn)T (1)
where xi and yi denote the image coordinates. The ASM consists of the mean shape t¯ and the eigensystem Pb. Use of
the training data can enable calculation of the covariance matrix and derivation of the corresponding eigenvectors P and
eigenvalues of λ. The general form of the ASM is shown in (2):
t = t¯ + Pb, (2)
where b is the shape parameter with the value assigned by (3).
−mλi ≤ bi ≤ mλi
where
λi : ith eigenvalue
m = 2–3.
(3)
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Fig. 1. The detected ROI of lungs.
ASM deforms the shape by altering the shape and position parameters in (4):
t = A(p) · (t¯ + Pb) (4)
where A(p) corresponds to an affine transformation with the scaling factor s, the rotation angle θ , and the translation vector
Tx
Ty

. The deformation process converges if the cost value decreases to the minimum.
To perform the ASM deformation process, an initial boundary must first be identified. The ASM deformation is a local
search optimization process. An inadequate establishment of the initial state frequently results in an incorrect outcome.
Thus, obtaining suitable initial boundaries is crucial for ASM deformation. The lung ROI information can be used to derive
suitable initial boundaries. This study applied the method used by Li [23] to determine the lung ROI, as shown in Fig. 1. We
then scaled and translated the mean shape vectors to derive the initial boundaries according to the ROIs. Because of low
variation in lung orientation, we used the orientation of the mean shape as that of the initial boundary. The derivation of
the initial boundary t˜ of the right lung from the mean shape t¯ is expressed in (5):
t˜ = [t¯ − ( ⌣x , ⌣y , . . . , ⌣x , ⌣y )] ⊗

1h
1x
,
1v
1y
, . . . ,
1h
1x
,
1v
1y

+ (Re, Rt , . . . , Re, Rt)
where
⌣x = inf(x¯1, x¯2, . . . , x¯n)
⌢x = sup(x¯1, x¯2, . . . , x¯n)
⌣y = inf(y¯1, y¯2, . . . , y¯n)
⌢y = sup(y¯1, y¯2, . . . , y¯n)
1h = Ri − Re
1x = ⌢x − ⌣x
1v = Rb − Rt
1y = ⌢y − ⌣y
⊗ : Hadamard product.
(5)
In (5), inf signifies taking infimum, sup means taking supremum, and Re, Rt , Ri, and Rb represent the exterior, top, interior,
and bottom of the right lung, respectively. For the left lung, the corresponding initial boundary can be derived using the
same process.
3. Rib border detection using knowledge-based GHT
To restrain rib suppression towithin the rib area, the rib bordermust first be identified.Most existing rib border detection
methods employ a geometrical model of the ribs or the rib cage, and ribs are modeled as parabolas [24] or ellipses [25].
However, thesemethods areweakened because of substantial rib shape variation among people. Fig. 2 shows that rib shapes
differ among people, which is the primary issue of existing parametric methods. However, Fig. 2 also shows that the shape
of a person’s individual ribs is extremely similar. Considering this characteristic, we proposed a locale sampling scheme,
which generates a rib template by sampling a representative rib border from the examined lung image.
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Fig. 2. Two examples used to show that rib shapes vary among people.
Fig. 3. (a) The original image, (b) the filtered result obtained using the bilateral filter, (c) the histogram equalization result of (b), and (d) rib borders
detected using the vertical sobel operator.
Fig. 4. (a) The middle part of the LEI, (b) the longest object in the middle part of the LEI, (c) the thinned result of (b), and (d) the pruned result of (c).
3.1. Locale sampling scheme
To filter noise without sacrificing edge sharpness, a bilateral filter [26] was used to pre-process the original image. Next,
histogram equalization was applied to enhance rib contrast. A vertical sobel operator was used to identify upper and lower
rib borders. Processed results are shown in Fig. 3. The lower edge is typically more complete, compared to the upper edge.
Therefore, the rib template is selected from the low-edge image (LEI). The LEIwas expanded to increase rib border continuity.
The upper portion of the LEI is affected easily by the patient’s clavicle, and the lower portion of the LEI tends to be fragmented.
Thus, we designated the longest object in themiddle portion of the LEI as the primary rib template. The rib template (RT)was
obtained by thinning the primary rib template to a single-pixel width, and then pruning the branches. Results are shown in
Fig. 4.
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Fig. 5. (a) Distribution map of the HA of Fig. 3(a), (b) the binary HA of (a).
3.2. Rib border detection
GHT is known for its ability to locate occurrences of a previously defined template in a target image, irrespective of noise
and occlusions, which are present in most lung radiographs. Based on the RT, GHT is used to first detect the lower borders
of the ribs. Template matching is then performed based on gradient information; for each match, the accumulator bin is
updated. An R-table for the template edge image is created with different values of (r, α), where r is the distance from the
edge to the chosen reference point, and α is the angle between the radius vector and the horizontal axis. The R-table shows a
summary of the shape information of the template and forms part of the parametric representation of the image. Use of the
R-table enables matching of the template with the target image, and possible matches are collected in the data structure,
called the Hough accumulator (HA). The HA is a 2D structure where the bin at the coordinate (m, n) represents thematching
pixel number for the reference point located at (m, n). The corresponding R-table is built by referring to the RT. Use of the
R-table enables obtainment of the HA of an analyzed image. For example, Fig. 5(a) is the HA of Fig. 3(a). By performing
Gaussian smoothing, Otsu thresholding, and the opening and closing of the HA, we obtained the binary HA (BHA), as shown
in Fig. 5(b). Each object in the BHA is a mask of the possible reference point distribution for the corresponding rib border.
The product of eachmask and the HA is called the possible reference point district (PRPD). The nth PRPD counted from top to
bottom is denoted as PRPDn. For each PRPD,we selected the coordinate of the biggest bin as the estimated reference point for
that rib border. We then overlaid the RT on the radiograph according to each estimated reference point. The superimposed
result is displayed in Fig. 6, which shows that the rib borders were detected well, excluding the top and bottom ribs because
their curvatures near the chest bone differ from the others. The detected rib border in this phase is called the primary rib
border (PRB). To obtain rib borders that are more accurate, we selected the local highest bins with heights greater than 60%
of the global highest bin of each PRPD. The reference points corresponding to these local highest bins were then used to
back project the RT onto the original image to product with the edge image. Fig. 7 shows the back projection result. We
selected the second rib from the bottom as an example. Fig. 8 shows the product result for that rib. We first filtered edges
with excessively narrow widths. The left edges were partitioned into equal width slots along the horizontal direction. The
edge centroid of each slot was interpolated by curve fitting. Based on the interpolated curve, the outliers were removed.
The left edges were then refitted. The fitted curve in this phase (Fig. 9(a)) is called the final rib border (FRB). As shown in
Fig. 9, all the lower rib borders are detected perfectly, except the second rib border, which does not extend fully to the right
end. This is because the right end edge is too vague. We noticed that the upper border of each rib in the chest radiograph
is extremely similar to the lower border. To reduce computational demand, we raised the detected lower border to some
level as the upper border. The level corresponds to the maximum correlation between the lower border and the upper edge
image. By combining this with the lung field information, we identified the rib borders in the lung field. The results are
shown in Fig. 9(b).
4. Rib removal
After identifying the rib borders, we removed the rib component from the original chest radiograph by subtracting the
corresponding intensity. This study used the linearmodel for rib intensity; that is, we formulated the rib intensity at location
(x, y) as ax + b. The search for the most suitable model parameters (a, b) can be modeled as an optimization problem. We
solved this problem by using the RCGA. Because a GA was applied to the problem domain, designing the corresponding
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Fig. 6. Overlaid RTs on the radiograph according to each estimated reference point in the PRPD.
Fig. 7. The RT overlaying result according to the estimated reference points in the PRPD corresponding to the qualified local maximum bins.
Fig. 8. (a) The product result for the second rib from the bottom and the corresponding back-projected RTs and (b) the final rib border of (a).
adequate fitness functionwas crucial for developing a successful GA application that selects offspring for the next generation
from the current parental generation. The goal of rib removal is the seamless elimination of rib intensity. Therefore, the
fitness can be evaluated using the absolute intensity difference between the interior and exterior of a rib, as shown in Fig. 10.
Thus, the fitness functions were defined as follows:
f (ak, bk) = −

P iu∈Ru
RESk(P i+u )− I(P i−u )+
P il∈Rl
I(P i+l )− RESk(P i−l )
 (6)
where I(p) denotes the intensity at point p in the original chest image, and RESk(p) represents the residual intensity at
point p inside the rib, by removing the estimated rib intensity from the rib area using the kth generation chromosome
(ak, bk). The goal of minimizing the absolute intensity difference between the interior and exterior of a rib is expressed in
(6). Rib suppression results using the linear intensitymodel are shown in Fig. 11. Results indicate that the ribswere removed
successfully, and that vessel continuity was maintained well around the rib borders.
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Fig. 9. (a) Detected lower rib borders and (b) detected rib borders in the lung field.
Fig. 10. Sketch used to explain the fitness function design.
Fig. 11. Example of rib removal: (a) lung field image before rib removal and (b) lung field image after rib removal by using the linear intensity model.
5. Experimental results
Chest radiographs used in this study were provided by Tainan Municipal Hospital. The original image format was
DICOM at a size of 3072 × 2560 pixels, with a 16-bit intensity depth. Images used in the experiments were 614 × 512 in
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Table 1
The average rib segmentation performance Prs .
Ω Θ Ψ
Prs 0.923 0.917 0.945
Fig. 12. Effect of rib suppression on the contrast of structures in the images by using the linear intensitymodel. The solid line indicateswhere the reduction
of nodule contrast is equal to that of rib contrast.
dimension, with 256 gray levels, which were obtained by linear subsampling of the original images. This was conducted to
facilitate experimentation because it reduces computation time considerably. The loss in resolution did not have a significant
influence on the results. Additionally, the proposed method is also effective for original data. The system was run on a
personal computer equipped with a Pentium-IV CPU, a clock rate of 3.4 GHz, and 1 GB of main memory. The average time
spent for removing ribs for one image was approximately 52 s.
First, we analyzed the rib segmentation performance. Three performance indiceswere adopted: accuracy (Ω), sensitivity
(Θ), and specificity (Ψ ). The assessment result, as listed in Table 1, showed that the locale sampling scheme combined with
the knowledge-based GHT can be used to successfully segment ribs. Next, we evaluated the rib removal performance by
examining the normalized mean absolute error. In contrast to the evaluation method used in previous studies, which uses
the dual-energy soft-tissue image as the ground truth, we selected the lungs and ribs of pigs as the examining target. This
enabled a more accurate evaluation of the rib suppression performance. The performance was evaluated quantitatively by
use of a normalized mean absolute error between rib-removed images Irr and the corresponding ground-truth images Igt ,
represented by
NMAE =

(x,y)∈{Ri,i=1,...,N}
Igt(x, y)− Irr(x, y)
RA× Eb , (7)
where {Ri} represents the set of all ribs in the lung image, RA corresponds to the total rib area, and Eb is the averaged rib
intensity. The obtained NMAE by our linear intensity model was 0.03. That performance is superior to Suzuki’s 0.06 in [16].
This indicates that the proposed rib removal scheme can accurately suppress the rib shadow.
In the final experiment, we quantified the effect of rib suppression on nodule conspicuity. The estimated rib-removed
images should reduce the rib shadows in radiographs.We expressed the contrast of a nodule Cnod with its surroundings using
the average intensity in the nodule minus the average intensity around the nodule. The average intensity in the nodule was
calculated as the average intensity over the equivalent circle at the nodule mass center with radius rnod, as defined in (8):
rnod =

Area(nodule)/π. (8)
In (8), the nodule areawas determined by counting the total number of pixels in the nodule region depicted by the physician.
For the intensity around the nodule, we calculated the average intensity within a ring of twice the nodule diameter around
thenodule. For the contrast of a ribCrib, both the rib and the intercostal space closest to the nodulewere segmentedmanually.
Crib was calculated as themean intensity in the segmented rib minus themean intensity of the segmented intercostal space.
To obtain meaningful local contrast measures, the intensities were rescaled before conducting the contrast calculation;
thus, the intensities in the region comprising the nodule and its surrounding ring were between 0 and 1 and analogous for
the segmented costal and adjoining intercostal space. In Fig. 12, the contrast of the ribs and the nodules before and after
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suppression using the linear intensity model are compared by plotting the1Cnod versus1Crib for the 13 nodule images. The
1Cnod and1Crib are defined as (9) and (10):
1Cnod = Cnod(original)− Cnod(rib-removed) (9)
1Crib = Crib(original)− Crib(rib-removed). (10)
The figure shows that rib suppression reduces both thenodule and the rib contrast. However, Fig. 12 shows that the reduction
of the nodule contrastwas less than that of the rib contrast. Themain trend is clear that the relative conspicuity of the nodules
is increased in the rib-removed images compared to the original data. This indicates that rib-suppressed images should be
useful for nodule detection by either human observers or CAD systems.
6. Conclusion
This study developed an automated and comprehensive system for rib suppression on chest radiographs by integrating
lung field identification, rib segmentation, rib intensity estimation, and suppression. An ROI-based initialization scheme
combined with the ASM was employed to overcome clavicle interference successfully. Suitable initial lung boundary for
ASM deformation was estimated using translation and scaling parameters derived from the lung ROI. Inspired by the
anatomic rib structure, we developed a locale sampling scheme, cascading the GHT for rib segmentation. Nonparametric rib
modeling and the RT back-projection procedure were also applied. By integrating these processes, we conducted accurate
rib segmentation. Rib intensity estimation was subsequently modeled to an optimization problem and was solved using
the RCGA. The experimental results with ground truth proved that the rib intensity estimation method developed in this
study can achieve accurate results; the normalized mean absolute error was 0.03. Regarding the effect of rib suppression on
enhancing nodule conspicuity, we constructed a plot of 1Cnod versus 1Crib for the collected nodule images. The results
indicated that the relative conspicuity of the nodules increased after rib suppression compared to the original image.
Furthermore, for the presented system, only one standard chest radiograph is necessary and the dual-energy subtraction
image is not required. Therefore, radiologists and CAD systems can use the proposed system for detecting lung nodules in
chest radiographs. The main shortage of the proposed method is the computational cost. The computation burden comes
from the two computationally expensive stages: GHT and RCGA. To reduce the computational cost, we will try alternative
approaches in the future. We plan to adopt fast GHT to replace GHT in detecting rib borders. For rib intensity estimation, we
plan to model the rib intensity as a constant level such that the rib intensity can be estimated in just a few iterations.
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